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Introduction

Until early 2000s, the HIV-infected population has been 
understudied and underserved with respect to risk reduction 
and prevention interventions because of the concentration  
of efforts on at-risk HIV-negative populations. Preliminary 
studies have shown increases in high-risk sex practices and 
sexually transmitted diseases (STDs) among HIV-positive  
individuals receiving care.[1–4] These findings suggest that  
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reduction in HIV transmission in the United States will require 
new strategies and led to the establishment of guidelines for 
incorporating HIV prevention into the medical care of persons  
living with HIV[5] along with new HIV prevention strategies and  
programs.[6–8] Brief prevention messages delivered by HIV 
medical care providers (HMCPs) can change patients’  
behaviors in ways that decrease their risk for transmitting HIV. 
Although preventive care services and risk reduction coun-
seling are offered to HIV patients during their routine clinic  
visits, assessment of clinicians practice performance has been 
difficult because of the use of many separate indicators and 
differing methods of documentation. In addition, inconsistent 
measures and lack of alignment constitute a major obstacle in 
the effort to improve preventive care for patients.

Recently, there has been more interest in public reporting 
and pay for performance (P4P), and with the passage of the 
Affordable Care Act (ACA) in 2010, health and healthcare in 
the United States are in the midst of unprecedented change. 
Although P4P incentives have traditionally been aimed  
at rewarding preventive service delivery in primary care  
practices,[9] under the ACA, it replaces traditional fee-for- 
service, and thus, measuring the quality of care is a critical 
starting point for improvement in providers’ performance over 
time. In this changing health-care landscape, quality of care 
offered by providers will have important implications for new 
payment models, care coordination, health-care costs and 
may even be the key determinant of how long someone with 
HIV lives.

The quality measures used in P4P typically fall into four 
categories, namely: structure, process, outcome, and patient 
experience measures.[9] Combining measures of performance 
not only convey a broader picture when compared with a 
single measure, but also hold promise for improving under-
standing and stimulating improvement among providers.  
Individual measures of performance that reflect the quality of 
care provided to patients by providers or institutions, when 
combined into a composite performance measure, would be 
useful in detecting a consistent pattern of practice or quality of 
care across patients of the provider or institution. On a larger 
scale, composite measures can facilitate system-level changes  
by highlighting the need for better care coordination and  
accountability across multiple providers.[10]

A composite measure has been defined as a combined 
metric that incorporates multiple individual measures to pro-
vide a single score.[11] A number of different approaches for 
developing a composite measure of provider performance 
have been studied.[11–16] The American Medical Association 
(AMA) through the Physician Consortium for Performance 
Improvement (PCPI)[11] and National Quality Forum (NQF)[12] 
have also developed policy framework for composite meas-
ures with greater consistency and standardization. The PCPI 
affirms that adding composite measures to its portfolio can 
provide an overall summary of the quality of care delivered to 
a patient, at both the clinician and the patient levels.

Although performance measurement has been in place for 
some time in hospitals and managed care organizations, the 

focus on providers’ profiling is a relatively new development. 
Public and private purchasers of insurance and health plans 
are now demanding more information about the quality and 
relative cost of US physicians to not only increase physician 
accountability, but also to aid in value-based purchasing.[17] 
The inherent limitations of the available data at the physician  
level have brought to the forefront technical issues such  
as performance measurement reliability, validity, and bias, 
which were less important at higher levels of aggregation in 
hospitals and managed care organizations.[17]

In an earlier study,[18] we assessed the frequency and  
determinants of preventive care counseling by HMCPs using 
empirically-derived composite indices and reported significant 
variations based on providers’ practice characteristics in favor 
of newly diagnosed patients compared with the established 
ones. These observations were associated, possibly, with 
providers’ performance measurement reliability, validity, and 
bias. As with individual measures of performance, the methods 
used to construct empirically-derived composites can affect  
the reliability, validity, and usefulness of the measures and  
require some unique considerations for testing and analysis.[12] 
This study, therefore, was aimed at evaluating the empirically- 
derived overall preventive care counseling index (OPCi) as 
a measure of HMCPs’ performance in managed care clinical  
settings in Houston/Harris County, Texas. We conducted 
measurement system analysis of this measure of perfor-
mance with the following specific objectives: (i) to determine 
the variability in the performance data collected that is due 
to the measurement system; (ii) to isolate the components of 
variability of the measurement system; and (iii) to assess the 
measurement system precision, accuracy, stability, and capa-
bility (and suitability for some improvement, if required).

Materials and Methods

Design, Participants, and Data Collection
The survey participants consisted of HMCPs from 13 HIV 

care facilities in Houston/Harris County, Texas, who partici
pated in the Centers for Disease Control and Prevention  
(CDC)’s Medical Monitoring Project (MMP) Provider Survey. 
The survey was conducted in Houston/Harris County, Texas, 
from June through September 2009. HMCP eligible for this 
survey included physicians, physician assistants, or nurse 
practitioners at the MMP sampled facilities/providers who 
have provided care to, ordered CD4+ or HIV viral load testing 
for, and/or prescribed ART to HIV-infected adults ≥18 years of 
age. Physicians who were interns, residents, fellows, and others 
in training programs were not eligible. Eligible providers were 
required to independently assess their preventive care coun-
seling practices for newly diagnosed and established HIV 
patients. A detailed description of the MMP providers’ survey 
design and data collection instrument and procedures can be 
found in McNaghten et al.[19] and Mgbere et al.[20] The study 
sample in Houston/Harris County comprised of 51 HMCPs 
and recorded a response rate of 45%. The demographic and  
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medical practice characteristics of participating HIV care  
providers have also been described in detail previously.[20]

Development of Preventive Care Counseling Indices
HMCPs were asked to indicate how often they counseled 

their patients using 20 identified preventive care measures.  
These measures cover items related to medication and  
adherence, risk reduction counseling, mental health and sub-
stance use, and disease screenings and support services.  
Using a scoring scheme that ranged from 4 (always discuss) 
to 1 (almost never discuss), 20 preventive care counseling 
measures were used to develop six composite counseling  
indices (CCIs) such that a higher score indicated the provider’s 
likelihood to engage in preventive care counseling activity, 
while a lower score represented less likelihood to engage in 
preventive care counseling activity. The indicator variables 
were not transformed since they all had a common unit of 
measurement. However, to indicate their relative importance, 
differential weights based on conceptual rationale and priority  
of measures[21,22] were applied to maximize reliability and  
discrimination as follows: 0.250 for medication and adher-
ence, risk reduction, mental health, and substance use indica-
tors; and 0.125 for disease screenings and support services, 
with the weights summing up to 1.0.[18] The weights were then 
multiplied by the actual performance values for each indicator 
variable and then summed to produce the composite scores 
or indices.

The six composite preventive care counseling indices 
developed include the following: medication and adherence 
index (MAi) that used a 5-item scale that includes adherence 
with antiretroviral regimen, adherence with opportunistic 
infection (OI) prophylaxis, how to take medicines, medical- 
related side effects, and drug–drug interactions; risk reduction 
index (RRi), which measures HIV transmission risk-related 
counseling activities by providers, used 6-items, namely: risk 
reduction regarding HIV transmission, condom use, pregnancy 
or potential pregnancy with female patients, availability of 
partner counseling services, disclosure of HIV status to their 
partners, and pregnancy or potential pregnancy with female  
patients not on ART; disease screening index (DSi) was  
assessed using a 5-item scale that includes screening for 
sexually transmitted disease, hepatitis, tuberculosis, hepatitis 
(A and B) vaccination, and discussion about tuberculosis dis-
ease risk. Mental health and substance use index (MSi) was  
evaluated using a 2-item scale namely mental health problems, 
including depression and substance use; and social and family 
support index (SSi) comprised of 2 items, namely: wellness 
nutrition, exercise, etc.) and family/social support. OPCi was 
made up of the 5 subcomposite scales (MAi, RRi, DSi, MSi,  
and SSi), and comprised of 20 items. More information about 
the empirically-derived composite measures of performance 
and the associated procedures can also be found in Mgbere 
et al.[18] In its simplest form, the CCIs take a linear form as 
follows:

CCIn = W1y1n + W2 y2n + ... + Wpypn = ΣiWiyin

where CCIn is the composite score for unit n (MAi, RRi,  
DSi, MSi, SSi, and OPCi);  Yin is the individual performance 
measure for attribute i in unit n, and  wi is the weight attached 
to attribute i.[21]

Measurement System and Statistical Analysis
The measurement systems analysis (MSA)[23] was used 

to assess the precision, consistency, and bias of our meas-
urement system when it interacts with its environment.  
In addition, MSA allowed us to classify the measurement 
system including the responsiveness of process control  
efforts and determine the positive or negative impact of any 
improvement strategy. The multi-item six composite preven-
tive care counseling indices developed were first tested for 
internal consistency reliability using Cronbach’s alpha coef-
ficient. However, we used only the OPCi in our current study 
to determine the provider performance because the measure 
included various aspects of the counseling process. Using 
the means chart, we compared the individual provider group 
mean values with the overall mean for OPCi. The analysis 
of variance and variance components analysis were further 
used to model the variation from measurement to measure-
ment with various levels of classification using the following  
independent factors: provider, patient, and interaction between 
provider and patient statuses.

The Gauge R&R Study
To properly monitor and improve on the measurement  

system used, it was necessary to conduct a gauge reproduci-
bility and repeatability (gauge R&R) study to measure variability 
and other attributes of the process output. The gauge R&R 
analysis method[24–29] was adapted and used in the current  
study to determine how much of the variability in our meas-
urement system was attributed to provider variation (reprod
ucibility), measurement variation (repeatability), and process 
variation using the crossed effects model. Simply put, the  
gauge R&R is the variance equal to the sum of within- 
system and between-system variations. The components of 
the measurement system sources of variation are presented 
in Figure 1, while the statistical model for gauge R&R in our 
study was expressed as a two-way random effect:

            ( ) , 1,2, , , 1,2, , ; 1,2, .ijk i j ijkY ij e i I j J k r

where: the observation, Yijk is the kth assessment of provider 
j on i patient status;
µ is the unknown grand mean.

~ ( , ),i N O   which are the random effects of different parts 
(patient status);

~ ( , ),j BN O  which are the random effects of different  
providers;

~ ( , ),ij N O   which are the random effects of patient  
status–provider interaction;

~ ( , ),ijke N O  which is the random error due to measurement 
replications.
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There are four independent variance components: 
2 2 2 2, , , .       If the estimated variance component became 

negative, the value was set to zero.

Conceptually, 
2 2 2
observed process actual/process measurement system   

2 2 2
measurement system repeatability reproducibility   

repeatability 

2 2
reproducibility     

2 2 2
Gauge R&R

2 2
reproducibility repeatability

    

 

  

 

 Measurement Precision/Tolerance
It was assumed that our process exhibited statistical con-

trol and involved a quality characteristic that followed a normal 
distribution with mean, µ and standard deviation, σ, where the 
upper and lower natural tolerance limits of the process were  
µ + 3σ and µ − 3σ. The measurement system (gauge R&R) 
precision was determined using the following measures:
Precision-to-part (patient status) variation (PPV) was defined 
as:

RR PVPPV 6 / 6   

Percent precision to tolerance ratio (PTR) was defined as 
the ratio between total measurement error (gauge R&R) and 
the part tolerance;

6
PTR 100

(USL LSL)
RR

 


where: USL and LSL are the upper and lower specification 
limits, respectively; RR  = Gauge R&R standard error.

Percent precision to total variation ratio:





 


RR

TV

6
PTVR 100

6

The number of distinct categories (NDC), which repre-
sents the number of groups that our measurement system 
can distinguish from the data, was assessed as:

NDC [1.41(6 / 6 )]PV RR   

and rounded down to the nearest integer. Six is used as 
the multiplier (k) in these formulas, because for the normal  
distribution, it covers 99.73% of the process. Furthermore, 
the discrimination ratio (DR) was used to measure the relative 

Figure 1: Components of preventive care counseling measurement sources of variation.
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usefulness of a specific factor by comparing the total variance 
of the measurement with the variance of the measurement 
error. The DR was computed for the main effects as follows:

DR 2 1
TV

P
P

 
    

where: P = estimated variance for a factor (patient status,  
provider); TV = estimated total variance.

Effective Resolution
The effective resolution (ER) measures were used to  

assess how well our measurement increments (MI) are working 
and determine the need to retain, add, or drop digits when 
recording the measurements.

Probable error (PE) was computed as follows:

0.75 peZ 

where:
2
pe̂  = variance estimate for within (error);

0.75Z  = the 75% quantile of standard normal distribution

Lower bound increment was calculated as: 0.1PE;
Smallest effective increment was calculated as: 0.22PE;
Largest effective increment was calculated as: 2.2PE.

Intraclass Correlation
The similarity of observations within patient status (groups) 

relative to that among the groups were evaluated using intra
class correlation coefficient (r). In the context of MSA, the  
following types of intraclass correlations were determined:

Intraclass correlation without bias was computed as follows:
2

2 2
pe

ˆ

ˆ ˆ
p

pe
p

r


 




Intraclass correlation with bias was computed as follows:
2

2 2 2
pe

ˆ

ˆ ˆ ˆ
p

b
p b

r


  


 

Intraclass correlation with bias and interaction factors was 
computed as follows:

2

int 2 2 2 2
int pe

ˆ

ˆ ˆ ˆ ˆ
p

p b

r


   


   

where:
2
pe̂ = variance estimate for within (error);
2ˆp = variance estimate for product;
2ˆb  = variance estimate for bias factors;
2
int̂  = variance estimate for interaction factors.

The likelihood of detecting a shift in the measurement  
system process was approximated using the four classes of 
process monitors (first, second, third, and fourth)[28,29] based on 
the estimated intraclass correlation coefficients. The amount by 
which a signal coming from the measurement process is atten-
uated by the effects of measurement error was estimated by:

Process signal attenuation = 1 intraclass correlation

Performance Distribution Pattern
The normal quantile plot was used to visualize the extent 

to which OPCi was normally distributed with the normal quan-
tile plot showing the confidence bounds, probability, and normal 
quantile scales.

The normal quantile values were computed as follows:


 
 
   

1

1
ir

N


While the empirical cumulative probability for each value 
was computed as:

1
ir

N 
where:
Φ is the cumulative probability distribution function for the normal 
distribution;
ri is the rank of the i th observation;
N is the number of nonmissing observations.

Cumulative distribution function (CDF) was used to  
determine the probability of providers attaining a given perfor-
mance output based on the OPCi score and represented as:




    
 

( ) xF x 

Process Capability Indices
The ability of the measurement system to track process 

improvements was quantified by using process capabilities 
determined as the ratio of the spread between the process 
specifications (the specification “width”) to the spread of the 
process values, as measured by six process standard devia-
tion units (the process width). All capability analyses use the 
same general formulas but differ in how sigma (σ) is computed, 
which are as follows:

Process capability ratio (Cp) = (USL LSL)
6


The lower and upper confidence intervals (CIs) for Cp were 
computed with the formulas:

Lower CI for Cp: 
 



2
/2, 1 ;

1
n

PC
n

Upper CI for Cp: 


 



2
1 /2, 1

1
n

pC
n
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Process capability index, Cpk = (USL ) ( LSL)min ,
3 3

 
 

   
   CIs for Cpk:

Lower CI: 
 
    

  

1
pk 2

1 1ˆ 1 (1 / 2 ˆ 2( 1)9 pk

C
nnC



Upper CI: 
 
    

  

1
pk 2

1 1ˆ 1 (1 / 2) ˆ 2( 1)9 pk

C
nnC



Process capability index, 

pm 2 2 2 2

min(target LSL,USL target) (USL LSL)

3 (mean target) 6 ( )
C

T  

  
 

   

where: T is the target mean.
CIs for Cpm: 

Lower CI: 
2
/2,

pmC  



where 

2
2

2

Target1

Target1 2

xn
s

x
s



         
    
 

s = standard deviation

Upper CI: 
2
1 /2,

pmC  




where γ = same as above.
Process capability ratio of one-sided upper spec, 

pu

Allowable upper spread (USL )
Actual upper spread 3

C 



 


Process capability ratio of one-sided lower spec, 

pl

Allowable lower spread ( LSL)
Actual lower spread 3

C 



 



where μ and σ are the process mean and standard devia-
tion, respectively. Estimators of Cpu and Cpl are obtained by 
replacing μ and σ by mean and σ, respectively. The following 
relationship holds:

(Cpu Cpl)
2pC 



Goal Plot
To show how the performance measure (OPCi) is con-

forming to specification limits, the goal plot based on the spec- 
normalized mean shift on the x-axis and the spec-normalized 

standard deviation on the y-axis was used. For each column 
with LSL, target, and USL, these quantities were defined as:

Mean shift normalized to spec 
(Mean (Col [ ] Target)

(USL [ ] LSL [ ])
i

i i





Standard deviation normalized to spec 
(Std.Dev.(Col [ ])
(USL [ ] LSL [ ])

i
i i




with three shaded regions representing the relationship  
between our system process capability (Cpk = 0.999, ≈1.00), 
which approximates a nonconformance rate of 2,719.78 part 
per million (ppm), if distribution is centered, and the resultant 
outcome from a shift in Cpk (Figures 5 and 6).

Measurement Sigma
Long-term sigma (overall),

2

1

( )
1

n
i

i

x x
n









Short-term sigma,

2

1 1

( )1
1

jnr
ij i

i j j

x x

r n


 






where 
1

1 ,
jn

i ij
jj

x x
n 

   r is the number of subgroups of size nj, 

and each i th subgroup is defined by the order of the data.

Sigma quality:
%outside

Sigma quality Normal quantile 1 1.5
100

 
     
 

% above
Sigma quality above Normal quantile 1 1.5

100

 
     
 

%below
Sigma quality below Normal quantile 1 1.5

100

 
     
 

For all tests performed, the probability value of 0.05  
was used as threshold for determining statistical significance 
level. All measurement system and statistical analyses were 
performed using JMP statistical discovery™ software, version 
11.1 (SAS Institute, Cary, NC, USA).

Ethics Statement
MMP was determined by the National Center for HIV, Viral 

Hepatitis, STD and TB Prevention’s Office of the Associate 
Director for Science at the CDC to be a nonresearch, public 
health surveillance activity used for disease control program 
or policy purposes. As such, MMP is not subject to human 
subjects regulations, including federal investigational review  
board (IRB) review. As an amendment to MMP, the MMP  
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Provider Survey is covered under the same nonresearch  
determination. No local IRB was required for the Houston  
project area.

Results

Summary of preventive care counseling domain-specific  
internal consistency reliability estimates are presented in  
Table 1. The Cronbach’s alpha coefficient for the overall scale 
and subscales ranged from 0.64 (SSi) to 0.91 (DSi) indicating 
that the items that made up the domains had good internal  
consistency and, thus, measure the same concept or  
construct intended. Analysis of OPCi means and standard 
deviation by the participating HMCPs’ group is presented in 
Figure 2. The distribution represents the means performance 
variations of participating providers group and compares 
those with the overall mean outcome. The standard deviations 
allow for comparison of levels of bias across the providers  
performance scores.

Table 2 presents the MSA for OPCi of HMCPs. The MSA 
results indicate that provider, patient status, and within- 
process error contributed 29.7%, 31.4%, and 38.9% of  
the total variance components, respectively. There was 

no significant variation associated with interaction effect  
between provider and patient status. Our measurement  
system variation (gauge R&R) was 68.6%, with repeatability 
having a higher variability (38.9%) compared with reproduc-
ibility (29.7%). The measurement PPV ratio was 1.48, while 
the percent gauge R&R PTR and PTVR were 99.13% and 
82.85%, respectively. The estimate for NDC in our system was 
1.0, while the DR for both provider and patient status sources 
of variation were 1.36 and 1.38, respectively. The ERs meas-
ured by PE and MI were 1.153 and 0.001 respectively, with  
the largest effective measurement increment expected at  
error value below 2.5373. The measurement increment of 
0.001 was below the lowest measurement increment bound 
and, therefore, it was recommended that it be adjusted to  
record fewer digits.

The intraclass correlation (rpe) representing the proportion 
of variation attributed to patient status without including bias 
factors was 0.446 and served as a reference point. However,  
including the bias factors reduced the impact by 29.7% to  
rb = 0.314. Using the guidelines and standards for system 
monitor [Table 3],[27,29,30] our current measurement system 
was classified as third class monitor based on the intra
class correlation values with bias and without bias factors  
with attenuation of process signals recorded at 33.22% and 

Table 1: Summary of preventive care counseling domain-specific internal consistency reliability estimates
Domain index Items in scale (n) Minimum score Maximum score Cronbach’s alpha

Coefficient 95% CI
OPCia 20 7.50 16.50 0.79 0.68–0.87
MAi 5 2.75 5.00 0.88 0.82–0.93
RRi 6 2.25 6.00 0.90 0.84–0.94
DSi 5 0.75 2.50 0.91 0.86–0.94
MSi 2 0.50 2.00 0.80 0.67–0.88
SSi 2 0.38 1.00 0.64 0.41–0.79

OPCi, overall preventive care counseling index; MAi, medication and adherence index; RRi, risk reduction index; DSi, disease screenings; 
MSi, mental health and substance use index; SSi, social and family support index.
aThis measure formed the basis for the measurement system analysis in this study.

Figure 2: Distribution of OPCi means and standard deviation by HIV medical care provider groups.



International Journal of Medical Science and Public Health | 2015 | Vol 4 | Issue 12

Mgbere et al.: Measurement system analysis of empirically-derived composite measure

1647

Table 2: Measurement system analysis for overall preventive care counseling index (OPCi) of HIV medical care providers
Variance component Standard 

deviation
% of Total Sum of variances

Source
 Provider 2.23 1.49 29.7 V (provider)
 Patient status 2.36 1.53 31.4 V (patient status)
 Provider × patient status 0.00 0.00 0.00 V (provider × patient status)
 Within 2.92 1.71 38.9 V (within)
 Total 7.51 2.74 100.0 V (within) + V(provider) + V (provider × 

patient status) + V (patient status)
Measurement variation

 Gauge R&R (RR) 5.16 2.27 68.6 V (within) + V (provider) + V(provider × 
patient status)

 Repeatability (EV) 2.92 1.71 38.9 V (within)
 Reproducibility (AV) 2.23 1.49 29.7 V (provider) + V (provider × patient 

status)
 Product variation (PV) 2.36 1.53 31.4 V (patient status)
 Interaction variation (IV) 0.00 0.00 0.00 V (provider × patient status)
 Total variation (TV) 7.51 2.74 100.0 V (within) + V(provider) + V (provider × 

patient status) + V (patient status)
Precision/tolerance Formula
Precision to part variability ratio (PPV) 1.48

RR PV6 / 6  

Tolerance (T) 13.74 USL-LSLa

% RR precision to tolerance ratio (PTR) 99.13
RR6

100
(USL LSL)

    

% RR precision to total variation ratio 
(PTVR) 

82.85
RR TV[100 (6 / 6 )]   

Number of distinct categories (NDC) 0.95≈1.00 [1.41(6 / 6 )]PV RR  

Discrimination ratio (DR)
2 1

TV
PD

P

 
    

 Provider 1.36

 Patient status 1.38

Effective resolutionb Results Value description
Probable error (PE) 1.153 Median error for a single measurement 

[0.675 × σRepeatability]
Current measurement increment (MI) 0.001 Measurement increment estimated from 

data (in tenths)
Lower bound increment (0.1 × PE) 0.1153 Measurement increment should not be 

below this value
Smallest effective increment (0.22 × PE) 0.2537 Measurement increment is more effective 

above this value
Largest effective increment (2.2 × PE) 2.5373 Measurement increment is more effective 

below this value
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43.96%, respectively, and a chance of detecting a 3-standard 
error shift.

Table 4 shows the descriptive statistics, specification limits,  
prior probability (of control probability), and process sigma 
estimation of providers’ preventive care counseling per-
formance. With a normalized mean shift to specification of 
-0.272 and prior probability of 0.272, a nonconformance rate 
of 2,719.78 ppm at a sigma quality of 4.280 was obtained 
for total outside portion of the sample distribution [Table 4].  
The long-term yield, representing the percentage of success-
ful performance outputs, recorded a process sigma value of 
2.292.

The histogram and normal quantile plot of observed OPCi 
measurements are represented in Figure 3. The bell-shaped  
curve over the histogram clearly fits the distribution and is  
indicative of a normally distributed data. All measurements 
were within the lower and upper specification limits, with a  
little less than 55% of the providers’ performance scores  
being above the mean of 12.76. The majority of the providers’  
mean scores ranging from 10.0 to 14.0 were recorded  
between the first and third quartiles. The normal probability 
and CDF plots of OPCi are displayed in Figure 4, with the data 
points falling approximately on the straight line, indicating  

normality characteristics. There was a 50% probability of  
providers scoring below or above the mean of 12.76. The 
CDF plot indicates that there was 45% probability of HMCPs 
receiving OPCi scores that were between 12.76 (sample 
mean) and 16.50 (target mean).

Table 5 shows the capabilities indices of empirically- 
derived composite measure of preventive care counseling 
measurement system. On the basis of the process variability  
and specifications, our measurement system recorded  
capability indices of Cp = 0.999 (95% CI: 0.793–1.205),  
Cpk = 0.999 (95% CI: 0.771–1.227), Cpm = 0.238, and 0.999 
(95% CI: 0.771–1.225) for Cpu and Cpl, respectively. All the 
measurements fell within the allowable process specifica-
tions, indicating that our current measurement system is 
statistically “stable” and “capable” (Figure 5). Expressing our 
measurement system capability in numerical term indicates 
that at long-term process sigma of 2.292 and Cpk = 0.999, the 
percentage of successful performance outputs was 72.81%. 
Approximately 27.19% of the measurements were captured 
outside allowable process limits leading to a nonconformance 
of 2,719.78 ppm at a sigma quality of 4.280. An attempt to shift 
the sample by 1.5σ as part of the process control to improve 
the current performance toward the set mean target score of 

Measurement testc System  
classificationc

Results Value description

Test–retest error 1.710 Within error
Intraclass correlation, rpe (no bias) Third class 0.446 Proportion of variation attributed to 

patient status without including bias 
factors

Intraclass correlation, rb (with bias) Third class 0.314 Proportion of variation attributed to  
patient status with bias factors

Intraclass correlation, rint (with bias and 
interactions)

Third class 0.314 Proportion of variation attributed to 
patient status with bias factors and 
interactions

Bias impact — 0.133 Fraction by which the bias factors reduce 
the intraclass correlation

Bias and interaction impact — 0.133 Fraction by which the bias factors and 
interactions reduce the intraclass 
correlation

aUpper specification limit (USL) = 19.63; lower specification limit (LSL) = 5.89.
bAction: recommends dropping a digit because the measurement increment of 0.001 is below the lowest measurement increment bound.
cMonitor classification legend[29,30]: refer to Table 3. 

Table 3: Monitor classification legend[29,30]

Classification Intraclass correlation Attenuation of  
process signal (%)

Probability of warning, 
test 1 onlya

Probability of warning,  
tests 2–4 onlya

First class 0.80–1.00 Less than 11 0.99–1.00 1.0
Second class 0.50–0.80 11–29 0.88–0.99 1.0
Third class 0.20–0.50 29–55 0.40–0.88 0.92–1.00
Fourth class 0.02–0.20 More than 55 0.30–0.40 0.08–0.92

aProbability of warning for a 3 standard error shift within 10 subgroups using Wheeler’s tests.
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16.50 (Figure 5) resulted in poor system outcomes. While the 
mean providers’ performance improved by 26.94% to 16.198, 
the chance for nonconformance or not meeting the required 
specifications (outside allowable limits) increased by 146.9% 
to 6,715.40 ppm. In addition, a significant reduction in capability 
index (Cpk = 0.499) following the 1.5σ shift (system adjustment) 
implied that the system would be incapable of handling the 
performance measurements. Figure 6 presents the goal plots  
of how the OPCi data conformed to the normalized mean  
and standard deviation specification limits under normal  

distribution at mean of 12.76 and process sigma of 2.292 at 
Cpk = 0.999 and when shifted by 1.5σ as part of the process 
control resulting in Cpk = 0.499 and 67.15% nonconformance.

Discussion

As with individual performance measure, the methods 
used to construct composites affect the reliability, validity, 
and usefulness of the composite measures and require some 

Table 4: Descriptive statistics, specification limitsa and prior probability, Po (out of control probability), and process 
sigma estimation of preventive care counseling performance
Statistics/specification limits Value Graphical representation
LSL 5.89
Target 16.50
USL 19.63
Mean 12.76
STD 2.29
CV (%) 17.96
Mean shift normalized to specification −0.272
Standard deviation normalized to specification 0.167 PPM Sigma quality
Below LSL (%) 13.58 1358.20 4.498
Above USL (%) 13.62 1361.58 4.497
Total outside (%) 27.20 2719.78 4.280
Prior probability, Po 0.272

PPM (parts per million), the ppm value is the percent column multiplied by 10,000.
aUSL, upper specification limit; LSL, lower specification limit.

Figure 3: Histogram and normal quantile plot of overall preventive care counseling performance measurement.
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Table 5: Capabilities indices of empirically-derived composite measure of preventive care counseling measurement system
Capability measure Index Lower CI Upper CI
Process capability ratio, Cp 0.999 0.793 1.205
Process capability index, Cpk 0.999 0.771 1.227
Process capability index, Cpm 0.238 —a —a

Process capability ratio of one-sided upper spec, Cpu 0.999 0.771 1.225
Process capability ratio of one-sided lower spec, Cpl 0.999 0.771 1.225

aCpm, confidence interval (CI) not estimated because the target was not within the lower and upper spec limits range.

Figure 4: Empirical normal probability and cumulative distribution function (CDF) plots of OPCi.

Figure 5: Preventive care counseling performance of HIV medical care providers: normal distribution based on process capability statistics from 
the study sample and shifted sample population.
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unique considerations for testing and analysis.[12] The fairly 
high internal consistency reliability estimates obtained indi-
cate that the indicators or items within the domain-specific  
composite indices measured the common underlying constructs. 
Our results support the finding that composite measures of 
performance tend to increase reliability.[12,16] Reliability is a key 
metric of the suitability of a measure for profiling because it 
describes how well one can confidently distinguish the per-
formance of one provider from another[17] (i.e., the ability to 
detect a provider effect). However, it should be noted that 
reliability of a performance measure may be different than 
the rationale that all-or-none measures are intended to foster 
in a system perspective of care. In general, a set of meas-
ures used for profiling providers depend on how different the 
providers are from one another since reliability is not just a 
property of a measure but also depends on what population is 
used to estimate the reliability.[17] We believe that the compos-
ite measures of performance developed in our study would  
be useful in detecting a consistent pattern of practice or quality  
of care that reflects true performance difference among the 
HMCPs in Houston/Harris County, Texas, and elsewhere with 
similar environment.

The measurement system variation (gauge R&R) of 68.6% 
obtained in our study indicates the existence of significant 
systematic variation between and within HMCPs who evalu-
ated the patients using the same preventive care counseling  
composite measures under different clinic settings. Further-
more, the contribution from gauge R&R was larger than that 
of the product (31.4%), implying that most of the variation was 
because of the measurement system—primarily repeatability 
(38.9%). This means that the measurement instrument cannot 
effectively decipher if the measure is good or bad, because 
too much measurement system variation showed up between 
the specifications. On the basis of the Barrentine guidelines 

for measurement system variation,[30] our gauge R&R value 
was greater than 30% and, therefore, considered unacceptable. 
Although the main sources of variability are outside the per-
formance measurement system’s control because they are 
determined by the heterogeneity of the selected study popula-
tion, identifying ways to reduce the variability across HMCPs’ 
performance outputs and making them repeatable will help 
reduce variations noted in our current system. Doing so will  
require instituting intervention programs aimed at encour-
aging HMCPs to undertake continuing medical education 
and skills training on HIV prevention, be in compliance with 
standard guidelines, and enhance patients’ education and 
communication. These efforts would augment the providers’  
performance outputs and the quality of preventive care  
received by HIV patients, leading to reduced variations 
across practices and subsequent improvement in our meas-
urement system.

The low NDC value obtained in our study indicates that the 
measurement system cannot distinguish differences between 
the parts (in this case, newly diagnosed and established  
patients). It is possible that the noise of the measurement system 
obscured what differences there were between the parts. This 
assertion, however, contrasts our earlier finding in this study 
population, where significant difference in providers’ preventive 
care counseling performance was noted between the patient 
groups in favor of newly diagnosed patients.[18] This happens 
because although a group of providers can measure all their 
patients equally well, some other providers tend to be biased 
towards a particular patient group; in this case, newly diag-
nosed patients; and raised questions about the practical use 
of NDC. Nevertheless, the Automobile Industry Action Group 
(AIAG) suggests that, if the number of distinct categories is 
five or more, it is considered a capable measurement system.[27]  
Similarly, our DRs were generally less than two, indicating 

Figure 6: Goal plots of OPCi with mean and standard deviation shift normalized to specifications (Sigma = 2.292).
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that the measurement system could not control the process 
(detect product variation). According to Wheeler,[24] DR above  
four is desirable. Unlike the NDC, the DR assumes that  
appraiser variation has been reduced to zero and carries the 
fractional part as well.[28] Given the discrete categories that 
are being used, the big question relates to the probability of 
misclassification. However, Wheeler reiterated that neither 
NDC nor DR defines the number of distinct categories or lend 
themselves to any practical interpretation.[29]

The high precision/tolerance ratios obtained for our meas-
urement system represent the percent of the specification 
tolerance taken up by the measurement error. Our values of 
99.13% for PTR and 82.85% for PTVR far exceed the 30% 
standard,[27,29,30] and, thus, made our measurement system 
unacceptable. This means that the measurement process 
cannot effectively decipher if the assessment is good or bad, 
because too much measurement system variation showed up 
between the specifications. Because gauge R&R accounts 
for a significant portion of the tolerance, it is possible that 
these measures may be more effective at detecting process 
mean shifts (for process control) than they are at identifying 
changes in process variation such as noted in this study. 
However, the acceptable level of precision depends on the 
context in which the measure is used. For instance, precision 
ratios may be made arbitrarily small by increasing the width 
of the specification tolerance.[30] Because these bounds are 
estimated based on the expected values, they may not be 
fully effective. In addition, these ratios provide no information  
about the capability of a measurement system to detect  
product variation. With an intraclass correlation, coefficient 
rpe of 0.446 recorded for patient status in our study, the  
associated bias factor significantly reduced this proportion by 
29.7% and represents a fraction of the measurement system 
variation attributed to reproducibility. According to Patki,[31]  
ignoring within-provider variation can mean overestimating 
the process variation, which in turn may result in tempe
ring with a potentially satisfactory measurement system.  
He advised that great caution should be exercised in using 
these criteria to assess a measurement system in practice  
as it is easy to rule out a good measurement system as 
unacceptable due to nothing more than an oversight.

While some of the metrics come with certain recommended 
values that suggest the acceptability or unacceptability of the 
measurement system, most researchers[25–29,31] are querying 
the conditions under which the discrepancy occur and on 
which metrics, if any, are there relatively robust to variations in 
these conditions. Our study supports these notions because 
some of the metrics used to assess the current measurement 
system indicated that it is unacceptable and needs improve-
ment, while our process capability study actually noted that 
the system expanded uncertainty was within set range at 
99% confidence level making it statistical stable and capa-
ble at a long-term process sigma of 2.292 and Cpk = 0.999 
with successful performance outputs of 72.81% and 27.19% 
nonconformance. While we agree that our measurement  
system needs some improvement, it seems, however, that  

the true test of Gauge R&R is determined as “a judgment call”  
depending on the process, intended objectives, cost, and other 
environmental factors associated with the measurement.

In attempt to shift the sample mean by 1.5σ (composite  
score = 16.50) as part of the process control measure to  
improve the current provider performance, we noted that the 
system tends to perform poorly. With a modest mean increase 
of 26.94%, the system witnessed large increase (146.9%) in 
nonconformance from 2,719.78 to 6,715.40 ppm with a signif-
icant reduction in process capability index (Cpk = 0.499) and 
sigma quality of 2.997. This implied that, under this condition, 
the system would be incapable of handling the performance 
measurements. Consequently, as the providers under study 
increase their performance, the reliability may decrease if the 
provider-to-provider variance decreases over time.[17] This is 
especially true as the measure hit the upper limits of the ranges.  
It is also possible for the degree of measurement error to be 
overstated if the process spread is not fully represented.[32] 
Reliable processes are a proven way to better outcomes. 
Consequently, it is necessary to improve the processes first 
to make them extremely reliable before considering outcomes  
improvements.[17] This may essentially require adopting a  
balancing act for both process and outcome measures in 
order to attain set goals. But, for this approach to work, the 
data must be trustworthy, and the precision and accuracy of 
the measurement system should be satisfactory and, hence, 
quantifiable.[28,32] An ideal measurement system produces 
measurements that agree exactly with a master standard 
(e.g., target goal). Unfortunately, measurement systems with 
such properties rarely exist. Conceptual challenges remain, 
especially as multiple levels in the system may influence 
measures score.

Study Limitations and Strength
The HMCPs who responded to the survey made up a rela-

tively small sample (45%), and may not be fully representative 
of the providers in Houston/Harris County, Texas. Although 
probability proportional to size sampling method was used 
to select participating facilities, it was not possible to weight 
the providers’ self-reported responses to the survey ques-
tions because of the small sample size, and, therefore, some 
performance estimates may be subject to nonresponse bias.  
Our data was based on self-report by providers and was  
not confirmed through patient interviews or clinical records 
and, thus, are also subject to recall and social desirability 
bias. It is possible that prevention counseling delivery was 
over- or under-reported. The differential weights applied to the  
composite prevention counseling indices were based on  
conceptual rationale[21,22] and not on the comparative impor-
tance of the care process or counseling quality and contents.[18] 
In addition, the HMCPs’ practices and awareness may have 
evolved since the data were collected in 2009.

Despite these limitations, the strength of this study lies in 
being the first of its kind to evaluate the measurement sys-
tem of empirically-derived composite measures of preventive 
care counseling practices of HMCPs. Information obtained 
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from this study lays a strong foundation for the assessment of  
providers’ performance in preventive care and the measure-
ment process, which are not typically captured through routine 
public health surveillance activities. Our measurement system 
was determined to be statistically stable and capable, and  
with little improvement in the process delivery, it can be  
effectively used to assess providers’ preventive care efforts 
in HIV clinical settings, especially in the light of the current 
emphasis on HIV prevention,[6–8] and pay-for-performance in 
the new health care delivery system in the United States and 
some other countries.

Research Implications
As the nation moves forward, improving its healthcare  

systems, performance measurement will be fundamental  
to understanding healthcare’s current state and critical to  
developing solutions for improvement.[12] According to Institute 
of Medicine (IOM) report, composite measures can enhance  
measurement to extend beyond tracking performance on sepa-
rate measures and can provide a potentially deeper view of the 
reliability of the care system.[17] In addition, this approach can 
support efforts to rate providers by the quality of their care,  
while bringing about the need for better preventive care  
coordination and accountability. Our study identified the exist-
ence of large measurement variations (Gauge R&R = 68.6%),  
which significantly affected the outcome measure. Differences  
between providers and their individual measurements are 
largely outside the performance measurement system’s control  
because they are determined by the heterogeneity of the 
study population. This finding corroborates with the low and 
inconsistent preventive care counseling practices reported in 
an earlier study with this population.[18]

Measurement systems generally tend to degrade over 
time.[17,29] Thus, it is important to regularly assess measure-
ment systems to validate that they continue to provide reliable 
data—whether those systems are people’s judgment calls or 
measuring instruments or processes. The ultimate goal of our  
assessment was to eliminate as much analytical variability  
as possible, thereby reducing the contribution of nonnatural 
effects on the reported outcome. An ineffective measurement 
system can have a dramatic impact on provider performance  
especially as it can lead to uninformed (and usually bad)  
decision-making that can mislead patients, managed care, 
and monitoring organizations. Defining appropriate control 
strategies and further testing of the system processes for 
stability and capability will be important for the widespread 
dissemination of the current measurement system to support 
HIV prevention efforts in medical settings. It is, therefore, more 
cost effective to improve the measurement system by reduc-
ing the measurement variations than to embark on another 
major process or system design changes. Such efforts could 
enhance both the accuracy of medical care providers’ perfor-
mance outputs and the quality of preventive care received by 
HIV patients, leading to reduced variations across practices 
and improvement in the current measurement system.

Conclusions

MSA is a key step to any process improvement effort. Having  
identified the sources of variations in the measurement system, 
we are in a better position to address the issues identified and 
make better recommendations for its improvement. Providers  
should have enough information to guarantee that HIV  
patients are not treated differently under the same context, 
and they should have similar performance scores under similar 
clinical condition or environment. In an ideal situation, a single 
measurement model should be applicable to a given provider  
and indeed the whole healthcare system. The process control 
objective will be to have each provider comply strictly with 
recommended guidelines and procedures for HIV prevention 
and to meet the performance target regardless of the patient–
provider combinations by eliminating special causes of varia-
tion so that only common (natural) causes are acting on the 
process and to reduce those to barest minimum, whenever 
possible. Understanding exactly what information is needed 
for effective process control will allow for better planning and 
integration of HIV preventive care services with overall clinical 
practice needs and strategies.

However, with HMCPs’ process and practice environment 
being markedly different from each other; the greatest chal-
lenge will be how to minimize the variations associated with 
these factors in order to enhance the current measurement  
system and performance output of providers as evident in  
the quality of preventive care received by HIV patients.[18] 
A system combining all of the appropriate preventive care 
measures such as identified in our study can help the patient 
become a more informed and an active participant in their  
care. Future research should explore the extent to which  
empirically-derived composite measures or constructs can 
provide stable performance rankings of providers over 
time and to assess whether variations are due to genuine  
performance improvement or merely the result of random 
statistical variations. Addressing variation in quality of HIV  
preventive care offered to patients by providers is perhaps  
at the heart of any efforts to improve patient care outcomes. 
Ultimately, it would also be necessary for future research to 
target the dynamic relationships that exist between medical 
practice structure, measurement system, patient care out-
come, and patient experience.
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